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ABSTRACT
The Increasing Risk of Vector-Borne Diseases: Mapping the Effects of Climate Change and
Human Population Density on Future Aedes aegypti Habitats
by
Julie Obenauer

The Aedes aegypti mosquito is the vector for four infectious diseases of global concern – Yellow
Fever, Dengue, Chikungunya, and Zikavirus. Previous attempts to model the expansion of the
vector habitat due to global climate change have rarely included characteristics related to the
human populations on which this mosquito is dependent. The purpose of this research was to
determine whether the inclusion of human population density improves model performance
while creating risk maps that can be used to determine where humans are most likely to be
exposed to the vector in the future. The resulting model demonstrated that the inclusion of
human population density improves the predictive power for A. aegypti and should be considered
during model development. Maps produced by the model were also suitable for identifying
regions where human populations are most likely to experience increased risk. Finally, two areas
at risk of expansion were highlighted as a case study in pairing risk mapping with evidencebased intervention strategies to identify sites that would benefit from mosquito-control efforts. In
this case, a low-cost program of insecticide-treated covers for water storage containers would
likely work well in both Minas Gerais, Brazil and Northwestern Province, Zambia to mitigate
mosquito risk. This research demonstrates that human population characteristic not only improve
model fit but also increase the extent to which risk maps are actionable by aiding in targeting
interventions.
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CHAPTER 1
INTRODUCTION
Through the impacts and implications of increased temperature extremes, widespread
natural disasters, erratic precipitation events, and rising sea levels, global climate change (GCC)
is recognized as a threat to human health (Patz, Grabow, & Limaye, 2014). Additionally, climate
change is likely to significantly impact the epidemiology of vector-borne diseases (VBDs)
globally by altering the geographic and environmental space in which these species inhabit
(McMichael et al., 2003; Patz, Grabow, & Limaye, 2014; Savic, Vidic, Grgic, Potkonjak, &
Spasojevic, 2014). Expansion of habitable vector environments, or niches, could lead to
significant changes in the distribution of diseases, including the emergence of infectious diseases
in areas that were previously considered non-endemic (Porretta et al., 2013). The current
expansion of the flavivirus Zika throughout parts of the Western Hemisphere, due to warmer and
wetter conditions, is illustrative of this relationship and demonstrates the need to understand this
trend ("Epidemic focus. Waiting in the wings: Aedes mosquitoes and flavivirus epidemics,"
2016).
The characteristics that make a niche habitable for any species are often highly specific
and reflect the adaptive history of that species and its environment (Grinnell, 1917). Ecological
niche modeling (ENM) is a correlative statistical modeling approach which uses data on species
occurrences to identify characteristics common across disparate environmental spaces (Franklin,
2010; Peterson, 2006b). The models can then be used to identify similar habitats that may
represent potentially suitable vector niches (Anderson, 2013). Often, human population
characteristics, which can be highly influential in niche realization, are omitted from ENMs,
potentially leading to an incomplete depiction of niche suitability for some species (Eisen &
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Moore, 2013). However, if properly incorporated, ENM with human population characteristics
could be used to create a predictive model of vector expansion based on projected changes in
climate.

Statement of the Problem
Currently, 17% of all infectious disease cases are caused by VBDs, resulting in more than
one million deaths globally each year (WHO, 2016b). Currently, the Zikavirus outbreak is
receiving considerable attention as a VBD. Infections with this virus are usually asymptomatic or
mild, but they have been linked to microcephaly and Guillain-Barre Syndrome (GBS) (Chang,
Ortiz, Ansari, & Gershwin, 2016). In the first eight months of the Zikavirus outbreak, Brazil
experienced between 440,000 and 1,300,000 cases of the virus and approximately 4,000 cases of
microcephaly in newborns of infected mothers. The outbreak also prompted travel warnings for
pregnant women in several South American countries (Carlson, Dougherty, & Getz, 2016;
Chang et al., 2016; Torjesen, 2016).
While transmission of this virus is problematic on its own, the Zikavirus vector, the
Aedes aegypti mosquito, is also a vector for Dengue, Chikungunya, and Yellow Fever viruses
(Eisen & Moore, 2013; Fernandez-Salas et al., 2015). These three viruses cause considerable
morbidity and mortality globally. The annual global incidence of Dengue virus is estimated to be
390 million infections, of which 96 million have clinical symptoms ranging from fever to
hemorrhagic illness and death (Bhatt et al., 2013). Chikungunya has been reemerging after
disappearing for several decades. For example, an outbreak in India in 2005 and 2006, which
followed 32 years without the virus, caused an estimated 1,300,000 cases (Burt, Rolph, Rulli,
Mahalingam, & Heise, 2012). In 2013 and 2014, Chikungunya expanded to the Americas and
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spread rapidly throughout the North and South American continents (Weaver & Forrester, 2015).
Yellow Fever was a significant cause of death globally until the mid-20th Century, when
vaccination and vector control programs limited its spread (Chan, 2016; Rogers, Wilson, Hay, &
Graham, 2006). However, the vaccine is not used globally and epidemics still occur in regions
where the virus is endemic but immunization is not routine. Due to its epidemic nature, however,
the World Health Organization (WHO) treats any cases of Yellow Fever as a public health
emergency (Monath & Vasconcelos, 2015).
Currently suitable A. aegypti mosquito habitats mainly include tropical and subtropical
regions around the globe, but there is some incursion into temperate zones (Kraemer, Sinka,
Duda, Mylne, Shearer, Brady, et al., 2015; Lozano-Fuentes et al., 2012). Additionally, factors
such as altitude and annual precipitation influence habitat suitability (Kraemer, Sinka, Duda,
Mylne, Shearer, Barker, et al., 2015). However, not enough attention is focused on the human
populations which allow A. aegypti to thrive. As an indoor biter that strongly prefers human
blood meals, A. aegypti is highly dependent on humans. It is also a container breeder that often
lays its eggs in standing water that collects in areas with trash or poor drainage (Eisen & Moore,
2013; Jansen & Beebe, 2010).
As climate change alters the earth’s temperature and precipitation, among other climate
characteristics and norms, areas containing suitable habitats for A. aegypti may expand (Khormi
& Kumar, 2014; Liu-Helmersson et al., 2016). However, models that evaluate the impacts of
GCC without accounting for human populations in the area may not accurately model the
suitability of a niche for the vector species (Eisen & Moore, 2013). This is problematic in that
models may miss potential niches and may incorrectly identify climatically suitable areas as
niches, even if these areas lack the human population necessary to support a mosquito
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population. When this is applied to program development for prevention of the VBDs associated
with A. aegypti, the misclassification is likely to lead to misused resources. In the extreme case,
failure to recognize a suitable habitat may actually mean a failure for outbreak prevention.
This research is needed to determine which human population characteristics are most
informative when included in ENMs, and to create models capable of projecting niche expansion
for a more comprehensive understanding of niche requirements. Those models can then be used
to target mosquito abatement activities and infectious disease prevention programs for high-risk
and high-impact areas. Projecting these models forward in time based on expected changes in
climate can also highlight regions that may become high risk as suitable niches emerge.

Research Aims
Research Aim #1: Validate human population characteristics for inclusion in models of climate
change and habitat niche expansion for the infectious disease vector Aedes aegypti.

Research Aim #2: Use a predictive model and Geographic Information Systems (GIS) software
to map the progression of niches over time under the four Representative Concentration
Pathways.

Research Aim #3: Establish model and map as actionable for infectious disease prevention
within areas vulnerable to vector expansion.
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The Aedes aegypti Mosquito
Mosquitoes are highly dependent on environmental conditions for reproduction and
survival (Eisen & Moore, 2013; Schaeffer, Mondet, & Touzeau, 2008). Historically, temperature
and humidity are known to be important to A. aegypti presence in an area (Christophers, 1960).
However, altitude, precipitation, vegetation indices, and human population density are also key
factors in habitability (Cetron, 2016). Understanding mosquito habits and expansion patterns is
crucial for determining which variables are likely to accurately identify suitable habitats and
predict areas of future niche expansion and/or even contraction.
Temperature affects both lifespan and reproductive success for A. aegypti. The optimal
temperature for the mosquito appears to be around 28ºC, but it can survive at up to 40ºC
(Christophers, 1960). However, high temperatures of around 35-39ºC may decrease lifespan
(Christophers, 1960). At the other extreme, mosquitoes may be unable to fly or move at
temperatures at or below 10ºC, and they exhibit signs of torpor at around 15ºC (Christophers,
1960). At temperatures outside the range of 22ºC to 32ºC, the female mosquitoes start laying
fewer eggs, but at the warmer end of the suitable range, egg laying actually increases (Marinho et
al., 2016).
The current understanding of the role of humidity in niche actualization is debated.
Increasing humidity has been shown to increase mosquito lifespan (Christophers, 1960). Studies
in the middle of the 20th Century found that A. aegypti seems to most thrive at a relative humidity
at or above 90% and an average temperature of 25ºC, and mosquito activity and lifespan increase
as the humidity increases towards 100% (Christophers, 1960). While many researchers still cite
the Christophers book on A. aegypti biology, more recent work indicates that the availability of
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feeding sources in low-humidity conditions counteracted the effects of the low humidity
(Canyon, Muller, & Hii, 2013).
Precipitation is another important consideration for habitat suitability, since it can impact
mosquito populations by increasing the availability of suitable sites for egg laying and inducing
hatching (Barrera, Amador, & MacKay, 2011). The female A. aegypti mosquito lays her eggs on
the inner surfaces of containers of standing water, often just above the water level (Christophers,
1960; Nagao et al., 2003). The eggs then hatch once the water rises sufficiently to reach them
(Nagao et al., 2003). Precipitation both creates the sites of standing water and raises levels within
containers sufficiently to trigger hatching. However, in areas where humans fill water containers
instead of relying on rainfall, the local mosquito population may be less dependent on
precipitation (Jansen & Beebe, 2010). Additionally, precipitation factors into normalized
difference vegetation indices (NDVI), which measure changes in vegetation and biomass (Jiang
et al., 2016). NDVI is responsive to both precipitation and temperature and has been found to be
informative in ENM for mosquitoes (Carlson, Dougherty, & Getz, 2016; Peterson, MartinezCampos, Nakazawa, & Martinez-Meyer, 2005).
The A. aegypti mosquito habitat is known to be constrained by altitude, though there
seems to be a dearth of research as to why. While there have been confirmed instances of the
mosquito above 2200m (Lozano-Fuentes et al., 2012), its habitat is primarily located in areas
with an elevation of less than 2000m (Cetron, 2016). One explanation offered for the relationship
between altitude and proliferation was easier interaction with human populations, such as
increased opportunities for blood meals and higher likelihood of suitable breeding sites (Dhimal
et al., 2015). However, this explanation depends heavily on the human population dynamics
within a region and has not been fully explored.
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Regardless of whether or not it explains the relationship with other environmental
variables, human population characteristics are crucial to successful niche realization by A.
aegypti mosquitoes. The female A. aegypti is an anthropophilic biter, meaning it will seek out
humans for feeding, even in the presence of other sources for suitable blood meals (Christophers,
1960; Jansen & Beebe, 2010). The female A. aegypti also rests indoors and may stay inside if
suitable containers for egg laying are available (Garcia-Rejon et al., 2011). This vector is so well
adapted to its dependence on human populations that it is able to move between floors in highrise buildings to find blood meals and egg-laying sites, and is known to rest under furniture in
bedrooms, where it is less likely to be seen (Elith et al., 2006; Liew & Curtis, 2004).
Expansion and control of A. aegypti are also highly linked to the movement of human
populations globally and have changed as humans have expanded their trade routes and
attempted control measures. The species, which originated in Africa, was first introduced to the
Western Hemisphere in the 1640s by sea-faring vessels carrying containers of clean water for
drinking (Elith et al., 2006; Jansen & Beebe, 2010). The eggs, once laid, can survive long periods
of desiccation, making them highly transportable (Honorio, Castro, Barros, Magalhaes Mde, &
Sabroza, 2009). More recently, mosquito control efforts led to the disappearance of the mosquito
in Southern Europe and Northern Africa after World War II. At this same time, it appears that A.
aegypti expanded into tropical regions in Southeast Asia (Jansen & Beebe, 2010). Current
expansion is partly driven by the rapid population growth of recent years (Gubler, 2011).
Urbanization has stressed the infrastructure in cities unprepared for increasing populations,
leading to a breakdown in water and sewage management, overcrowding, and poor housing
options (Gubler, 1998). The inclusion of variables that capture these population characteristics is
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likely to result in projection models that are much more accurate than those dependent entirely
on climatic variables for habitat identification (Eisen & Moore, 2013).

Aedes aegypti as an Infectious Disease Vector
The A. aegypti mosquito is the primary vector for four arboviruses of international
concern. These viruses are the flaviviruses Zikavirus, Chikungunya, Dengue virus, and the
Yellow Fever virus. As the vector for these infections, the A. aegypti mosquito has been and
continues to be responsible for considerable global morbidity and mortality.
From the 18th to 20th Centuries, the Yellow Fever virus caused significant outbreaks
throughout Europe, North America, and the Caribbean (Monath & Vasconcelos, 2015). During
this time, the United States alone had 100,000-150,000 deaths and severe economic disruption
due to numerous epidemics (Patterson, 1992). In the year 1900, Walter Reed, an Army Doctor
investigating a Yellow Fever outbreak in Havana (Cuba), proved that A. aegypti was responsible
for transmission of the diseases (Bauduer & Ribeton, 2014; Downs, 1968). The species was then
given the moniker “Yellow Fever mosquito,” which is still used today (Eisen & Moore, 2013).
Extensive control programs in the early and mid-20th Century effectively eradicated Yellow
Fever from much of the Western Hemisphere (Webb, 2016). Currently, Yellow Fever causes
approximately 60,000 deaths per year, the majority of which are in sub-Saharan Africa. The
WHO warns that population increases and urbanization in this region have created ideal
conditions for a resurgence of the disease, and recent cases in Luanda, the capital of Angola, and
Kinshasa, the capital of the Democratic Republic of the Congo, have made this outcome seem
increasingly possible (Chan, 2016).
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Infection with the Yellow Fever virus is generally asymptomatic or mild but the severe
form is fatal in 20-60% or more of cases (Nelson & Williams, 2007). After an incubation period
of three to six days, symptoms include myalgia, pyrexia, chills, nausea and vomiting, fatigue,
back pain, and weakness. The majority of cases recover after the first bout of symptoms, but
approximately 15% will experience a short remission then develop a high fever with jaundice
and hemorrhagia, leading to shock and multi-systems organ failure. Recovery leads to full
immunity but the weakness and fatigue may last several months. There is no treatment for
Yellow Fever, but hospitalization for supportive care and observation are recommended (CDC,
2015). A vaccination for Yellow Fever virus exists but is not part of childhood immunizations
schedules in many endemic countries, and the stockpile of vaccines is unlikely to be sufficient to
interrupt an outbreak in a major city (Chan, 2016).
Dengue fever has already expanded due to urbanization and population growth and is
expected to expand further as the climate changes. Before the global population movement that
occurred due to World War II, Dengue was primarily restricted to tropical countries. After the
war, Dengue epidemics began to occur throughout Asia (Gubler, 2011). Mosquito control
programs in the 1950s and 1960s effectively eliminated Dengue from many parts of the world,
but were ultimately discontinued as victims of their own success. Prior to the cessation of control
programs, severe Dengue epidemics had occurred in only nine countries. Now more than 100
countries have endemic Dengue, causing approximately 390 million cases per year. Of those, an
estimated 96 million cases will develop some form of clinical disease (WHO, 2016a).
Clinical Dengue is marked by three phases of infection (CDC, 2010). The first is a febrile
illness of up to 40°C lasting between two and seven days (WHO, 2016a). Accompanying
symptoms vary according to the age of the patient but often include headache, a sore throat,
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myalgia and arthralgia, nausea and vomiting, and pain behind the eyes, known as retro-orbital
pain, that is both characteristic of the disease and increases in severity due to eye movements.
Additionally, a non-specific rash and flu-like symptoms may be present (CDC, 2010). Signs of
hemorrhagia may be present, even in patients who do not progress to the more severe Dengue
hemorrhagic fever (DHF) or Dengue shock syndrome (DSS). In cases of DHF and DSS, patients
may seem to improve as the fever drops but progress to spontaneous bleeding. Hypovolemia
(low blood volume) may then cause signs of shock as well as abdominal pain, severe vomiting,
hypothermia, and an altered mental status (Mangold & Reynolds, 2013).
Chikungunya was first identified in Tanzania in 1952, but was primarily restricted to
developing nations until 2005 when severe epidemics unexpectedly appeared around the Indian
Ocean (Thiberville et al., 2013). In 2013, the strain of Chikungunya, known as the Indian Ocean
Lineage (IOL) appeared in the Americas. It was first discovered in St. Marten then moved
through the Caribbean and quickly expanded to Central America and down into South America.
It also moved north into Mexico and, by 2014, local transmission had occurred in Florida.
Additionally, a small outbreak occurred in southern France at the same time (Weaver &
Forrester, 2015). Approximately 1.7 million cases of the disease have been reported since the
infection expanded into the Western Hemisphere (CDC, 2016b). The virus was traditionally
spread only by A. aegypti, but the recent outbreaks have been driven by a mutation that made the
closely related mosquito, A. albopictus, an additional competent vector (Weaver & Forrester,
2015).
Once infected, Chikungunya has an incubation period of two to ten days. The onset of
symptoms is marked by a sudden fever followed by arthritis and arthralgia. These symptoms
most often affect the hands, wrists, knees, and ankles. A maculopapular rash also appears and
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patients may report itching. Complications are rare and may include myocarditis, and multisystems organ failure, GBS, and meningo-encephalitis. These are more common in newborns
and the elderly. An estimated 1 per 1000 cases of Chikungunya results in death (Sam et al.,
2015).
Finally, the most recent of the A. aegypti-borne arboviruses is the Zikavirus. This virus
was originally isolated in 1947 in the Zika forest of Uganda by researchers using sentinel
monkeys for surveillance. In 2007 it made its first appearance outside of Africa via a small
outbreak in the Yap Islands of Micronesia (Carlson, Dougherty, & Getz, 2016; Sampathkumar &
Sanchez, 2016; WHO, 2016c; Wikan & Smith, 2016). In 2015, Zikavirus first appeared in Brazil
and the incidence of microcephaly in newborns increased by 2000% as compared to the previous
year (Fauci & Morens, 2016). Zikavirus subsequently spread throughout most of the countries in
the Americas and, in summer of 2016 appeared in the United States (CDC, 2016a). As of
October of 2015, it had been reported in all but three of the countries in the Western Hemisphere
– Canada, Chile and Uruguay
Infection with Zikavirus is mild or asymptomatic in 80% of cases. Symptoms of infection
are similar to both Dengue and Chikungunya and can include a maculopapular rash, mild fever,
arthralgia and myalgia, edema, and conjunctivitis. It is rare for infections to require
hospitalization or result in death. Zikavirus infections are distinguishable from Dengue and
Chikungunya because the infections are usually less severe and do not have the risk of
hemorrhagia (Atif, Azeem, Sarwar, & Bashir, 2016; Sampathkumar & Sanchez, 2016). The
largest cause for concern with Zikavirus is infection during pregnancy, which can lead to
microcephaly, a condition marked by an abnormally small head circumference at birth. The
effects of microcephaly range from mild to debilitating and can include developmental and
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intellectual disabilities, seizures, hearing and vision loss, and problems with feeding and mobility
(CDC, 2016d; de Araujo et al., 2016). This risk seems to be highest for infections occurring
during the first trimester of pregnancy, but the link between Zikavirus and microcephaly is
poorly understood (Atif et al., 2016). The other severe outcome being studied in association with
Zikavirus is GBS. GBS is a neurological condition that is marked by progressive muscle
weakness, which can lead to difficulties breathing and respiratory failure. GBS happens in
approximately 1 out of every 4000 cases of Zika (Dirlikov et al., 2016; Malkki, 2016).
The above constellation of illness and long-term sequellae due to Yellow Fever, Dengue,
Chikungunya, and Zika flaviviruses makes these pathogens a threat to human health. As the
primary vector for these infections, A. aegypti is responsible for the transmission that leads to
cases and outbreaks. Understanding habitats of A. aegypti now and in the future can help
prevention and control efforts in mitigating these effects.

Ecological Niche Modeling
The idea of ecological niches was first introduced by Joseph Grinnell, who released a
paper in 1917 identifying the concept of a niche as a set of environmental and ecological
conditions suitable for the existence of stable populations (Peterson, 2006a, 2006b). Current
ENM research seeks to identify the parameters of those ecological characteristics from areas in
which the species is known to occur (Peterson, 2006a). A number of models and software
packages are now available to meet the needs of those creating ENMs. Popular models include
boosted regression tree (BRT), artificial neural networks (ANN), support vector machines
(SVM), MaxEnt, and genetic algorithm for rule-set prediction (GARP) (Elith et al., 2006;
Peterson, Papeş, & Eaton, 2007). Additionally, there are software packages, such as CLIMEX,
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which contain their own ecological parameters and those like BIOMOD2, which can run an
ensemble of models and tests for the best fit (Carlson, Dougherty, & Getz, 2016; Khormi &
Kumar, 2014). These models are currently being used to identify species habitats and to project
those suitable niches into the future or onto locations without occurrence data (Elith et al., 2006).

Global Climate Change and the Representative Concentration Pathways
GCC, a catch-all term for environmental changes caused by increasing greenhouse gas
(GHG) emissions, is expected to have catastrophic effects throughout the world (Barrett,
Charles, & Temte, 2015). It is widely accepted that these effects are man-made and the
consequences are likely to include rising water levels in coastal areas, droughts, and increasingly
common and severe natural disasters (Barrett, Charles, & Temte, 2015; IPCC, 2013). Human
health may also be directly affected by increasing pollution-related respiratory ailments, food
instability due to changing climate conditions in food-producing areas, and conflicts and
migration due to diminishing natural resources (McMichael et al., 2003; Patz, Frumkin,
Holloway, Vimont, & Haines, 2014; Wheeler & von Braun, 2013). Most relevant to this research
is the infectious disease risks due to warming temperatures that may alter vector habitats (Gage,
Burkot, Eisen, & Hayes, 2008).
The process of GCC is occurring because of the increase in GHGs resulting from human
activity. In simple terms, GHGs trap the sun’s energy within the Earth’s atmosphere and create
an environment suitable for life (EPA, 2016). At equilibrium, the amount of heat that is trapped
and the amount escaping is roughly static and the Earth’s average temperature is stable (McNall,
2011). However, since the Industrial Revolution, emissions of GHG CO2 levels have increased
by 33%, due to the use of fossil fuels and coal (NASA, 2015). Higher levels of CO2 create a
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process known as radiative forcing, in which the presence of more GHGs traps more heat than
normal. This process has resulted in a gradual increase in the mean global temperature since the
Industrial Revolution began and is the driver behind the effect of GCC (McNall, 2011).
A number of schemes have been used to model the effects of radiative forcing on the
climate. Currently, modeling efforts rely on the representative concentration pathways (RCP)
approach. These models were released in 2014 as part of the Intergovernmental Panel on Climate
Change’s (IPCC) 5th Assessment Report (AR5) and replaced previous climate change modeling
efforts (IPCC, 2014; Solomon et al., 2007) The RCPs are designed to model climate under a
specific concentration of GHGs in the atmosphere. Each of the four RCPs are named after their
approximate total radiative forcing (watts per square meter) in 2100 relative to 1750. The four
pathways are 2.6, 4.5, 6.0, and 8.5 watts per square meter. The RCPs do not model any specific
intervention strategies but are, instead, designed to be a range of scenarios from the best-case,
minimal-impact scenario that would lead to the 2.6 pathway, to the worst-case, unrestricted
growth and emissions pathway of 8.5 (Moss, 2008; van Vuuren et al., 2011).
Applying RCPs to ENMs allows researchers to project potential niches forward in time
for each of the four scenarios and identify at-risk areas by severity of climate change. It is
necessary to model vector habitats under these scenarios to enable proactive responses to areas
that may not be high risk currently but are likely to be severely impacted by climate change.
Combining data on mosquito habitats with RCP projections enables advanced modelling efforts
and affords an invaluable tool for designing public health interventions.
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CHAPTER 2
MODELING GLOBAL CLIMATE CHANGE AND THE AEDES AEGYPTI MOSQUITO
During ENM development, it is important to determine which variables may be most
important and influential in creating accurate predictions. A number of efforts related to climate
modeling, species biology, and species occurrence data have identified variables which are
useful in ENMs for A. aegypti and how they should be projected into the future. Consequently, a
comprehensive literature review is crucial in determining which niche conditions have
previously been validated.
An extensive array of models from various research institutions around the world have
been developed over the last two or more decades to simulate and predict future global and
regional changes in climate and these models have undergone significant changes over this time
period. In 2000, the Intergovernmental Panel on Climate Change (IPCC) released its “Special
Report Emissions Scenarios,” which projected future climate change under different GHG
emissions possibilities. The report contained four “storylines,” which each contained four
“scenario families.” According to the report, “each storyline assumes a distinctly different
direction for future developments, such that the four storylines differ in increasingly irreversible
ways” (Nakicenovic & Swart, 2000). In 2007, the IPCC released its 4th Assessment (AR4),
which validated the SRES through simulations in a range of models and added new information
gathered from observations of the manifest effects of climate change (Solomon et al., 2007). The
RCPs, an updated comprehensive set of climate change models, were released in 2014 in the
IPCC 5th Assessment Report (AR5). These models reflect the GHG and pollution projections and
also include factors such as land use, and replaced the SRES as the climate models of choice
(IPCC, 2014).
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Modeling for A. aegypti has also changed in this time frame. Until recently, no
comprehensive database of species occurrences existed, meaning that many publications relied
on records from repositories like the Global Biodiversity Information Facility (GBIF) and
VectorMap for occurrences. Often these sources contain overlapping entries and the occurrences
are not the product of systematic global sampling efforts (Campbell et al., 2015). In July of 2015,
Kraemer, et al. published “The Global Compendium of Aedes. Aegypti and Ae. Albopictus
Occurrence.” This Compendium includes systematic reviews of multiple journal databases,
unpublished data from national mosquito surveillance programs, ministries of health, and
additional published and unpublished data used in other research (Kraemer, Sinka, Duda, Mylne,
Shearer, Brady, et al., 2015). In a global modelling effort published prior to the Compendium,
Campbell, et al. found 2,108 georeferenced occurrences for A. aegypti (Campbell et al., 2015).
Kraemer, et al.’s work increased the number of occurrences for this species to 19,930, providing
a much more robust and comprehensive dataset for modeling species habitat (Kraemer, Sinka,
Duda, Mylne, Shearer, Brady, et al., 2015).
Due to the evolving nature of GCC and ENM, this literature review was restricted based
on the following criteria. Only articles published after 2007 were considered, since that is when
the IPCC released the 4th Report comparing model performance for the projected climate data.
Papers published prior to 2014, using the SRES may be outdated since the release of the newer
RCPs, but in the two years since the publication of the RCPs, too few papers have been produced
to ensure a robust literature review.
Additionally, papers were restricted to ENMs conducted on a continental or global scale.
A. aegypti exists within a range of environmental conditions and those at a national or regional
level may be too narrowly defined to be informative in identifying niches over a large range of
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geographic and environmental space. Especially problematic for this work is that those areas
missed are those most likely to be at the margins of the geographical range of the vector, since
that is where expansion is most likely to occur. As Eisen and Moore said, “Field studies
understandably tend to focus on geographic areas where the problems caused by these vectors
are most severe, typically at the core(s) of the geographic distribution of a given vector
species…” (Eisen & Moore, 2013).

Models
The types of ENMs, often also referred to as species distribution models (SDMs), can be
broadly categorized as one of two types. The first type is made up of those that are able to create
models from presence-only data (Franklin, 2010). The other type of ENM requires absence data,
as well as presence data (Soberon & Peterson, 2005). Presence-only models rely on data of
occurrences collected over a geographic area. Cells without reported occurrences in presenceonly datasets are considered to be “pseudo-absences” and are used as background for comparison
to areas in which the species does occur (Franklin, 2010). Collecting data on true absences
usually requires sampling designs involving systematic, multi-visit methods to ensure that the
absence is not merely the result of missing an observation (Escobar & Craft, 2016; Huang &
Frimpong, 2015). Methods used in the global ENMs for A. aegypti included in this paper are
boosted regression tree (BRT), MaxEnt, and CLIMEX. This section will discuss those methods
and other common models, such as generalized linear models (GLM), generalized additive
models (GAM), artificial neural networks (ANN), support vector machines (SVM), BIOCLIM,
mixture discriminant analysis (MDA), multivariate adaptive regression splines (MARS), random
forest (RF), and GARP.

28

One of the earliest forms of ENM was BIOCLIM. This method classifies habitat as either
suitable or not suitable based on a rectilinear envelope, also known as a parallelpiped, that
classifies potential ranges within the values for the occurrence data (Nix, 1986). These classifiers
can be based on the minimum and maximum values for all occurrences, or 95% of occurrences,
or other specified ranges. These models are most commonly used to predict species distributions
over large areas for situations such as species invasion mapping (Franklin, 2010). Since its
original development, additional software packages, such as CLIMEX, have emerged. The
CLIMEX package also creates a climate “envelope” based on environmental predictors, then
determines how indices for “growth” and “stress” will impact niche suitability. CLIMEX also
contains its own climate data, making it a comprehensive modelling package (Khormi & Kumar,
2014; Sutherst, 2001).
Shortly after the BIOCLIM method and software package were developed, models began
to appear that made use of traditional statistical methods, such as the GLM (Franklin, 2010).
These models use a binary present/absent variable to model niches as a function of predictor
variables. They also assume that the outcome is a function of a linear relationship and are well
established through a variety of statistical applications. Building on the GLM is the GAM, which
models a relationship that is additive across the predictor variable (Jeschke & Strayer, 2008).
GAMs are able to model non-parametric data, whereas GLMs are restricted to the linear
functions (Anderson et al., 2006). MARS further builds on the regression modeling techniques
by utilizing splines within the functions. This allows linear functions to differ in slope at
thresholds, as opposed to smoothing the function as a GAM would. The original paper for the
MARS model also touted its ability to handle a few interaction terms (Anderson et al., 2006;
Friedman, 1991). MDA replaces the linear functions of the other regression models with
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nonparametric functions and is both a way to classify areas into homogenous groups and to
improve the ability of other models to classify points after creation (Hastie, Tibshirani, & Buja,
1994).
The BRT method is a machine learning technique in which the computer uses the data
provided to develop an algorithm that characterizes the species-habitat relationship. This method
uses regression techniques to assign parameters based on predictors and boosting to improve
model performance by combining multiple simple models into an ensemble model (Elith,
Leathwick, & Hastie, 2008). “Boosting” essentially weights observations that are less like the
rest of the observations so that they are more likely to be selected for model training. This
decreases the likelihood that outlier-type observations will be misclassified. BRTs are useful for
datasets that contain presences and absences but, since the algorithm divides the data into
separate “trees” based on homogeneity at each step, classes with few observations might not
perform well. Additionally, BRTs rely on thresholds in the data to make decisions and therefore
may have limited utility for relationships that are a smooth or linear function (Franklin, 2010). Its
strength, however, is its handling of non-linear relationships in datasets with multiple predictors
(Kraemer, Sinka, Duda, Mylne, Shearer, Barker, et al., 2015).
In addition to the “boosting” that occurs in BRTs, there is a technique called “bagging,”
which is used in RF models. This is a bootstrap method that selects observations in the training
set with replacement then evaluates the resulting regression trees in the test set of data. RF
models use bagging to develop decision trees then averages parameters across all trees. The
strength of models that use decision trees is that they are averaging over a large number of
individual models, thereby increasing the accuracy of the predicted area. However, these models
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make it difficult to explore the contributions of individual predictors on a species distribution
because the results are averaged over all models (Franklin, 2010).
The ANN method is another machine-learning algorithm that works well in models with
a large number of predictors. ANN combines linear input variables and a non-linear function to
create “features” for modeling the output. The relative performance of ANN, as compared to
other methods, has been highly variable and some of the benefits of ANN may only be realized
by researchers who have overcome the learning curve required to properly specify the input
parameters. However, it is able to model interactions between parameters (Franklin, 2010;
Olden, Lawler, & Poff, 2008). This method belongs to a group of methods sometimes called
“black box” methods because their output does not necessarily provide information on variable
contributions or decisions rules. (Franklin, 2010; Jeschke & Strayer, 2008).
The SVM approach can be used in both presence-only and presence-absence data and is
also a machine-learning algorithm. To model the relationship between species data and
ecological conditions, the SVM determines a function, called a “kernel.” This kernel is derived
from the data and refined through cross-validation techniques. SVMs do not require that the
observations be independent, meaning that autocorrelation does not present a problem for these
models. Research has shown that SVM performs well in models of presence-absence data but
their performance for presence-only data, as compared to models designed for such data, can
only be described as “theoretically better” (Drake, Randin, & Guisan, 2006).
Machine learning algorithms free ENMs from the assumptions of underlying statistical
distributions that are inherent in regression-based models. They also do not require the
independence of observations of regressions. Occurrences within the same cell are often autocorrelated, since suitable niches that are inhabited are likely to contain more than one inhabitant
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of that species. The trade-off for machine learning is that the algorithms are created entirely from
the data and may, therefore, be highly location-specific (Franklin, 2010). Since much of the
expansion due to climate change is likely to happen at the geographical margins of existing
niches, where the species lives at its climatological extremes, important characteristics may be
misclassified due to being different from those other suitable niches (Eisen & Moore, 2013).
Ensemble models respond to the variety and depth of modeling techniques. The
BIOMOD2 package, created for R, contains 10 models: GLM, BRT, GAM, CTA, ANN, SRE,
FDA, MARS, RF, and MAXENT. By running the models simultaneously, the software can
analyze the variation between techniques and create a range of certainty for the results (Thuiller,
Lafourcade, Engler, & Araújo, 2009). The final output is based on the algorithm comparing and
weighting the components models. If a single model has been validated and shown to perform
most reliably for a given scenario, then that model should be used over the ensemble models but,
where that is not the case, packages like BIOMOD2 can address the discrepancies (Carlson,
Dougherty, & Getz, 2016).
For ENMs with presence-only data, two models have been shown to perform well. These
models are MaxEnt and GARP. For both models, data are separated into testing and training sets
then modelled using the training set and verified using the testing set (Peterson, Papeş, & Eaton,
2007). For GARP, a method to develop rule sets is chosen, then the software analyzes occurrence
points and background data to train the rule sets in a way that characterizes suitable niches
(Anderson et al., 2006). MaxEnt seeks to create the most uniform distribution (maximum
entropy) between occurrences points overlaid on the background data (Franklin, 2010). In
comparisons, MaxEnt out-performed GARP for use in models designed to predict niches into
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new areas by exhibiting higher rates of successful niche predictions (Peterson, Papeş, & Eaton,
2007; Phillips, Anderson, & Schapire, 2006).

Global Modeling Efforts
The two most recent global models for A. aegypti used the Kraemer et al. Global
Compendium. The models also used variables from the Bioclim dataset on WorldClim.org.
These 19 variables are calculated to measure environmental trends and minima and maxima,
such as mean annual temperature, isothermality, mean annual precipitation, precipitation in the
warmest month and temperature in the wettest month that may impact species distributions.
(Hijmans, 2005). The first is a global distribution model, also by Kraemer et al. which used a
boosted regression tree (BRT) model to create a species prediction map. Their model, which
used an enhanced vegetation index, annual monthly minimum and maximum precipitation data
from the WorldClim dataset, temperature from another publication, and urbanicity from the
Global Rural Urban Mapping Project (GRUMP), predicted the highest probability of A. aegypti
between the Northern and Southern 31st parallels. Their model contribution indices found that
temperature suitability contributed most to their models, explaining 54.9% of variance, and
urbanicity contributed the least by explaining only 2% (Kraemer, Sinka, Duda, Mylne, Shearer,
Barker, et al., 2015).
The other global A. aegypti paper to use the Global Compendium dataset trained models
for A. aegypti on climate data from Africa, Australia, and Europe from 1950-2000 (Carlson,
Dougherty, & Getz, 2016). The models were then predicted to the current environmental
conditions in the Americas to identify suitable niches. Variables were selected by determining
which of the Bioclim variables were highly correlated and excluding the poorest performing
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variable in each pair. They excluded the BIO6 (the min temperature in the coldest month), BIO8
(the mean temperature in the wettest quarter), BIO12 (annual precipitation), and BIO17
(precipitation in the driest quarter) variables. Researchers included the other 15 Bioclim
variables and an NDVI surface from the NASA TERRA/MODIS portal. For modeling, the
BIOMOD2 package for R was used. The distribution identified for A. aegypti by the ensemble
model was very similar to that of the Kraemer et al. paper using the same dataset (Carlson,
Dougherty, & Getz, 2016; Kraemer, Sinka, Duda, Mylne, Shearer, Barker, et al., 2015).
Campbell et al. in a paper published around the same time as the Global Compendium,
used MaxEnt to create a model of the current A. aegypti distribution, then forecast the niches for
the future under three climate change scenarios. Campbell, et al. used the SRES A2, B1, and
A1B scenarios that pre-date the current RCPs. Their analysis identified problems with BIO8
(mean temperature of the wettest quarter), BIO9 (mean temperature of the driest quarter), BIO18
(precipitation in the warmest quarter), and BIO19 (precipitation in the driest quarter) variables,
and removed them from the model. They also conducted a principal components analysis (PCA)
to transform model projections and reduce collinearity between climate layers. The final model
contained an environmental dataset based on an eight principal component structure. This study
identified a much smaller geographic area as currently containing A. aegypti when compared to
studies using the Compendium. This is likely due to the greatly reduced occurrence data the
authors were able to find in alternate sources prior to the publication of the comprehensive
dataset (Campbell et al., 2015).
For projecting niches into the future, Campbell et al. used a collection of general
circulation models (GCMs) from the Coupled Model Intercomparison Project (CMIP4) to project
changes in climate to the year 2050. The projections found expansion of the vector species into
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eastern parts of North America and the southern and eastern portions of Asia. It also found that
the mosquito would move into the central areas of South America and Africa. However, these
areas had been identified as current habitats in the Kraemer and Carlson papers, so it is likely the
expansion inland has already occurred and was not captured in the smaller species occurrence
dataset (Campbell et al., 2015).
In 2014, Khormi and Kumar used the CLIMEX model to project species expansion into
2030 and 2070. They used the A1B and A2 SRES models for climate projections and
occurrences collected by the Centers for Disease Control and Prevention (CDC), the Center for
International Earth Science Information Network (CIESIN), and individual researchers. Their
software, the CLIMEX package, contained its own climate data, called the CliMond package,
that includes average monthly minimum and maximum temperature, precipitation, and humidity.
Their current distribution kept the A. aegypti species out of the United States and much of
Mexico. However, they did identify the regions in northern West Africa containing Mauritania
and Senegal, Eastern Africa’s Ethiopian region, and the Arabian Peninsula as areas currently
inhabited, whereas other models did not. Future projections identified decreased niche suitability
in some of the most densely realized niches of today, including Brazil and Colombia. Some
expansion was also predicted for the Middle East, but much of the habitat remained unchanged
(Khormi & Kumar, 2014).
The European Center for Disease Prevention and Control (ECDC) published a Technical
Report on “The Climatic Suitability for Dengue Transmission in Continental Europe” in 2012.
This report used a literature review of PubMed, Web of Science, and Promed to identify global
occurrence data for A. aegypti. To address challenges associated with presence-only data,
researchers created a pseudo-absence dataset based in distance from presence points then
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eliminated those pseudo-absences that were too ecologically similar to occurrence points. They
then used a non-linear discriminant analysis in the statistical software SPSS to group data points
into clusters. Points that were more than six standard deviations from their cluster means were
eliminated, then clusters were re-established. The samples were bootstrapped with 100 maps
made from each then results were averaged over all maps (Roger & Hay, 2012). While this
solution may eliminate outlier points, it may also create the misclassification error that affects
points which seem to be outliers but may, in fact, contribute more information about the species
at its margins. The areas predicted by the results are similar to those in the global models but
limited in their comparability since the occurrence and environmental data are limited to a
smaller geographic area.

Decisions Based on Literature Review
As shown in the section on Global Modeling Efforts, there are few global models of A.
aegypti that meet the criteria for this dissertation and even fewer that involve projections for
climate change. The 2014 paper by Campbell et al. is most similar to the work here and likely
underestimates the presence of ecological niches relative to more recent papers due to the lack of
a complete dataset on species occurrence, rather than any methodological failings. Since the
more complete dataset available for A. aegypti is presence-only and the distribution will be used
for projection, this research will use the MaxEnt model applied to the newer data and climate
forecasts to analyze niche suitability and project it based on future potential changes in climate.
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ABSTRACT
The Aedes aegypti mosquito is responsible for much of the global vector-borne disease
burden and its habitat is likely to expand geographically due to climate change. To understand
the impacts of climate change on risk of exposure to this species, it is important to include
human population characteristics in the creation of risk models. This research created projected
human population density maps to use in MaxEnt modeling with current and projected climate
data and species occurrence records for risk mapping in the year 2050. Model fit indices
suggested that the inclusion of human population density improve model fit, though there is a
sacrifice in the rate of omission. Decreasing the probability threshold for likelihood of suitability
mitigates the loss in omission and suggests that risk to humans varies between locations of
occurrence. The resulting maps predict increased risk in regions surrounding population centers
in currently inhabited areas, a trend in keeping with expectations of future urbanization, and
indicate areas that would potentially benefit from vector-borne disease mitigation and
intervention programs.
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Introduction
The current Zikavirus outbreak, which started in 2015 in Brazil (Fauci & Morens, 2016),
has brought the issue of mosquito control to the forefront of public consciousness, particularly in
the developed world. To demonstrate this, one need only venture as far as the website for the
Orlando, Florida tourist attraction Walt Disney World, which features information specific to
their Zikavirus-related control measures in the “Frequently Asked Questions” section (Walt
Disney World, n.d.). The Aedes aegypti mosquito, the vector for Zikavirus, Dengue,
Chikungunya, and Yellow Fever, has received this kind of attention before when it was the target
of extensive control campaigns. However, these programs were discontinued once they had been
deemed effective, thus the vector species reemerged (Hopp & Foley, 2001; Jansen & Beebe,
2010).
Global climate change (GCC), which is expected to have wide-ranging impacts that
include increased and erratic flooding and temperature extremes (IPCC, 2014), is also likely to
alter infectious disease outbreak patterns by changing the distribution of vector species (Porretta
et al., 2013). Current efforts to model the changes in habitat suitability for A. aegypti have
focused on the consequences of GCC (Campbell et al., 2015; Khormi & Kumar, 2014; Roger &
Hay, 2012), but have neglected the importance of human-mosquito interactions (Eisen & Moore,
2013).
The A. aegypti mosquito is an anthropophilic biter that thrives in close contact with
humans. The female mosquito is also a particularly efficient vector because she will take
incomplete blood meals from multiple human hosts to achieve oviposition. This species is a
container breeder that is often found in areas where humans store water in uncovered vessels
(Christophers, 1960; Hopp & Foley, 2001; Jansen & Beebe, 2010). The mosquito is so linked to
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humans that, if there are enough sources for blood meals and containers for egg laying, one
female may spend her entire life in a single building (Garcia-Rejon et al., 2011).
Due to this preference for the “human” built environment, changes in population
dynamics could affect the mosquito species. The human population is expected to increase from
7.3 billion in 2015 to approximately 9.6 billion in 2050 (United Nations, 2015). Along with
increasing in size, the population is expected to increase in density and become more
concentrated in urban areas (Cohen, 2010). Previous research indicated that A. aegypti are more
highly concentrated in urban areas and areas with higher population densities (Rodrigues et al.,
2015), yet little has been done to model projected habitat suitability with a human population
component (Eisen & Moore, 2013).
Additionally, data sets that project human population characteristics forward in time,
either under assumptions of static conditions or under GCC scenarios, are either lacking or are
not of sufficiently high resolution to examine niche conditions. For example, the Global Rural
Urban Mapping Project (GRUMP) and the United Nations (UN) Adjusted Population Density
datasets available through NASA’s Socioeconomic Data and Applications Center (SEDAC),
represent gridded human population density that can commonly be used for niche modeling
(CIESIN, 2015; CIESN, 2016). These data are high resolution (~1 km) but are only projected
through 2020 (CIESN, 2016). Conversely, the UN Department of Economic and Social Affairs
Population Division projects population through 2100 but the data are only available at a
country-level (United Nations Department of Economic and Social Affairs Population Division,
2015). Aggregating climate over such potentially large geographic areas to match population
estimates loses much of the information needed to identify niches and discounts the effect of
higher population density areas on mosquito presence.
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The goal of this research is to validate a method of creating high-resolution human
population projections to use in ecological niche modeling (ENM). Since recent ENM efforts for
A. aegypti use only bioclimatic variables from WorldClim (Hijmans, 2005) projected to 2050
(Campbell et al., 2015; Roger & Hay, 2012), this research will incorporate projected population
density changes to predict potential areas of increased or decreased risk in 2050.

Materials and Methods
Occurrence Data for A. aegypti
Species occurrence data from the “Global Compendium of Aedes aegypti and Aedes
albopictus Occurrence,” based on a comprehensive review of occurrence data in Pubmed, as well
as in unpublished entomological surveys, research, and ministry of health efforts, were used for
model development. The Global Compendium contains 19,930 occurrences of A. aegypti
recorded between 1960 and 2014. All occurrences contain latitude and longitude data for
mapping (Kraemer, Sinka, Duda, Mylne, Shearer, Brady, et al., 2015).

Climate Data
Both current and projected climate data and current altitude were downloaded from
Worldclim (http://worldclim.org/), a publicly available source for datasets of current climate
normals and projected climate changes under the Representative Concentration Pathways
(RCPs). The available data contain the “Bioclim” variable set, which is composed of 19 variables
capturing annual mean temperature, precipitation in the warmest and coldest quarters,
temperature in the wettest and driest quarters, and isothermality, among other variables. The data
are available at a resolution of 30 arc-seconds (~1 km2) for the entire planet. Data were captured
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from climate monitoring sites between 1960 and 1990. Where there was missing or incomplete
monitoring, data were extended to include measurements between 1950 and 2000. Future climate
data were taken from the CCSM4 downscaled climate models for RCPs 2.6 and 8.5, the best and
worst case scenarios for climate change (IPCC, 2014). RCPs 2.6 and 8.5 were selected for
modeling to evaluate results derived from the two most extreme scenarios, with the realization
that reality should fall somewhere in between based on modeled expectations of change.

Human Population Density
Data for the population density in 2015 were accessed through SEDAC’s UN Adjusted
Population Density (v4), a dataset with a resolution of 1 km2. The algorithm used to create these
maps allots the national population by spatial distribution within each country using data from
sources such as population registries and censuses (CIESN, 2016). To model changes in
population density from 2015 to 2050, population growth trajectories were required. These were
available by country through the UN Department of Economic and Social Affairs Population
Division. Data included rate of population change as calculated for projected population
estimates, for each 5-year period, starting in 2015 (United Nations Department of Economic and
Social Affairs Population Division, 2015). To calculate population density for 2050 for each 1
km2 cell, the population density at the start of each 5-year period was multiplied by the growth
factor for that cell’s country for that 5-year bin. By starting with the 2015 population density
then adding it to the growth factor for that bin and multiplying by population density at the start
of the bin, we were able to calculate the density for 2020. The process was repeated for each 5year time period until population density projections at the start of 2050 were developed.
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MaxEnt Modeling
ENMs for the A. aegypti mosquito were created using the MaxEnt model, which has been
validated to perform well in predictions using presence-only data (Anderson et al., 2006). This
model uses cells without known occurrences as a background to determine characteristics from
user-provided predictors that are likely to predict niche suitability. Since occurrences within the
same cell are often autocorrelated, MaxEnt requires that all cells be rarefied to one occurrence
per cell. The output of the MaxEnt models includes a probability surface that reflects the
probability of each cell containing a suitable environment for the modeled species (Merow,
Smith, & Silander, 2013; Phillips, Anderson, & Schapire, 2006).

Processing and Fit Indices
Pre- and post-processing of data and maps was done in ArcMap10.3. Initially, all files
were cropped to a mask of global landmasses to prevent models calculating niche spaces in
uninhabitable oceans. All files were left in their original 1 km2 resolution. The occurrence
records for A. aegypti were rarefied to 1 per km2, then separated into training and testing sets.
The training dataset contained 80% of points and the testing dataset contained the remaining
20% (Franklin, 2010).
The analysis software R was used to determine collinearity within the Bioclim variables.
Collinearity was examined through a variance inflation factor (VIF). After collinear variables
were removed, variable contributions were used to determine the five variables which
contributed the most information to the ENMs. These five variables were then used for the base
models and tested against models including population density, as well.
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Due to the size of the global files at a resolution of 1 km2, the files were cropped to
contain only areas that are suitable for mosquitoes under the most extreme temperature change
projections. This was operationalized as regions in which the mean annual temperature was
greater than 15°C, the temperature at which A. aegypti begins to torpor, under the 8.5 RCP.
This analysis used the MaxEnt 3.3.3k software version and the Maximum Entropy model
in OpenModeller. Since the MaxEnt software is limited by the constraints of java memory, and
could not create a global model, it was used to analyze variable contributions at the continent
level for the population density variable. The OpenModeller software is able to handle the full
global dataset but does not create variable contribution metrics so it was used to create global
probability surfaces and corollary area under the curve (AUC) and fit indices. Parameters for the
two models were identical.
The model fit indices evaluated include the AUC for the receiver operating characteristics
(ROC), the omission error, and the commission error. The AUC was taken as the primary
indicator of model fit, so long as the value was higher than 0.6 (where 0.5 indicates a model is no
better than random chance) (Franklin, 2010). The contribution of the individual environmental
variables and the human population characteristics were also evaluated to assess how much
information each contributed to the final model.

Results
Correlation analysis determined that there was significant collinearity among a number of
the variables. This was expected since the Bioclim variable set is derived from variables that are
also contained within the set, such as mean annual temperature and precipitation. Examining the
VIFs and the model contribution for the Bioclim variables determined that the five most suitable
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variables for inclusion were mean annual temperature, temperature seasonality, mean
temperature of driest quarter, mean temperature of wettest quarter, and mean temperature of
coldest quarter. The rarefied species occurrence dataset contained 9,614 spatially unique
occurrences, meaning that no more than one occurrence was retained in each cell.
The size of the global, high resolution dataset exceeded the capabilities of the MaxEnt
software package, which resulted in files being reduced to the continent-level between the
latitudes at which the mosquitoes could foreseeably exist. To do this, the Bioclim data were
restricted to areas where the mean annual temperature under the most extreme temperature
increase scenario, RCP 8.5, was greater than 15°C, the temperature at which mosquitoes begin to
torpor (Christophers, 1960). This enabled the MaxEnt software to create ENMs for the high
resolution and examine the contribution of the population density variable at the continent-level.
Since there were no observations of A. aegypti in Europe within the dataset, the data for North
America and Europe were combined into the same model for variable contribution. For Africa,
Australia, and South America, population density exhibited the highest percent contribution of
the variables included. For the combined North America and Europe model, mean temperature
exhibited the highest contribution at 43.9%, followed by population density at 39.1%. For Asia,
temperature seasonality was the highest, at 48.5%, with population density second at 33%.
The addition of population density improved the model AUCs from 0.87 to 0.91. It also
decreased the percentage of the area predicted as suitable, using 50% probability as a binary
threshold for presence/absence, from 21.8% to 6.2% for the current climate and from
approximately 18% to around 6% in the projected models. However, under lower thresholds, the
commission rates increased and the current and projected species distributions looked more like
those in other publications (see table 1). Omission at the 50% threshold (0.5) for the global
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models was 30% for the models without population density and rose to 42.5% for the models
which included population density.
Table 3.1. Commission Under Multiple Probability Thresholds
Models
Current
RCP 2.6
RCP 8.5

Variables
Without Population Density
With Population Density
Without Population Density
With Population Density
Without Population Density
With Population Density

50% Threshold
21.8%
6.2%
18.9%
5.9%
17.8%
5.4%

40% Threshold
32.8%
26.8%
31.0%
23.2%
24.5%
18.8%

30% Threshold
38.7%
34.6%
36.9%
32.5%
31.6%
26.5%

Projections for both the 2.6 and 8.5 RCPs showed suitability primarily throughout central
South America, Mexico, the Pacific Islands, and central Africa (figures 1 and 2). Under RCP 8.5,
suitability extended into southern regions of the United States that were not identified as suitable
under the current or RCP 2.6 scenarios. The addition of population density, unsurprisingly,
concentrated much of the expansion in population centers (figure 3). As the probability threshold
was decreased, the area of prediction increased in the amount of land mass covered but did not
greatly increase in the amount of suitable habitat at the northern or southern species margins
(figure 4). Models for RCP 4.5 and RCP 6.0 are expected to display similar trends but were not
modeled here. The models also projected a decrease in risk under RCP 8.5. It is hypothesized
that this decrease risk is due to temperature increases that result in a climate that is too hot for A.
aegypti. While there has been little research on temperatures becoming too extreme for the
mosquito, Christophers (1960) found that temperatures in excess of 40ºC are too hot for the
species to survive.
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Figure 3.1: Probability of a suitable habitat using maximum entropy models without human
population density. a) current climate scenario. b) projected habitat suitability for 2050 under
RCP2.6. c) projected habitat suitability for 2050 under RCP8.5.

47

Figure 3.2. Probability of a suitable habitat using maximum entropy models with human
population density. a) current climate scenario. b) projected habitat suitability for 2050 under 2.6
RCP. c) projected habitat suitability for 2050 under 8.5 RCP.
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Figure 3.3. Projected global suitability of the A. aegypti mosquito in 2050 for the 2.6 RCP at the
three binary probability thresholds. a) projected suitability using a 50% probability threshold for
suitability. b) Projected suitability using a 40% probability threshold for suitability. c) Projected
suitability using a 30% probability threshold for suitability.
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Figure 3.4. Projected global suitability of the A. aegypti mosquito in 2050 for the 8.5 RCP at the
three binary probability thresholds. a) projected suitability using a 50% probability threshold for
suitability. b) Projected suitability using a 40% probability threshold for suitability. c) Projected
suitability using a 30% probability threshold for suitability.
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Discussion
Adding population density to the model improves model AUC sufficiently to argue that it
is worthy of inclusion. Additionally, the amount of information the projected population density
variables contribute to the models indicates that population density is an important factor in
determining where human populations are likely to be at the highest risk of infection due to
climate-change related expansion.
Maps created without the inclusion of the population density variable predicted that
probability of suitability was higher than in those same locations under models created using
population density. This was particularly true for South America and should be interpreted as the
difference between potential suitable habitats and potential areas where humans are at high risk.
The population density maps also showed that these potential high-risk areas were most likely to
occur in locations surrounding current population centers, which matches expectations of
increasing urbanization globally (Reiner, Smith, & Gething, 2015).
As the probability threshold was decreased from 50% to 40% then to 30%, the areas
predicted expanded to cover lower population density areas, such as most of Central Africa, and
geographic regions further north and south of the current habitat. This was true for both the most
and least extreme RCPs and, at a 30% threshold the models had high agreement throughout the
Eastern Hemisphere.
When compared with previous modeling efforts of the same species with environmental
data from WorldClim.org, the maps for the current climate with population density have a high
level of agreement with the ENMs produced by the team that created the Global dataset
(Kraemer, Sinka, Duda, Mylne, Shearer, Barker, et al., 2015). This team did not project their
ENMs into the future. The maps produced by Campbell, et al, with a smaller dataset and the
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previous iteration of climate change projections, identified much less of central and eastern subSaharan Africa as currently suitable than did Kraemer, et al, or any of the models produced here.
However, the models were very similar for the Western Hemisphere, southern Asia, Oceania,
and Australia. The projected models predicted more incursion into the southeastern United
States, less presence in southeast Asia, and little change on the African continent (Campbell et
al., 2015). The more comprehensive dataset used in this work and Kraemer’s infer that the
Campbell model is under-predicting current habitat suitability globally.
However, despite its potential importance, there are a number of methodological issues
associated with running high-resolution global models. The MaxEnt 3.3.3k software is a program
that runs within the Java Virtual Machine (JVM). While the Java software and the MaxEnt
package are free, their ability to run large datasets is limited by the constraints of the JVM, to
which only small amounts of computer memory can be allocated at any given time, thus
disallowing attempts to run models that require large amounts of computer memory.
Additionally, using OpenModeller, which can run larger models since it does not function within
the JVM, deprives the user of the ability to generate response curves and calculate variable
contribution. OpenModeller also lacks the omission thresholding features of MaxEnt, making it
difficult to create criteria for acceptable models. Finally, conversion features within ArcGIS are
often limited to 2 GB files, which is problematic when environmental variables start in the tens
of GBs. Given the global nature of climate change, it is becoming increasingly important to be
able to create geographically comprehensive models.
Further increasing complications for ENMs seeking to include humans as niche
characteristics is the paucity of data on human populations in the areas that are likely to be at the
highest risk. Developing nations, which are the most vulnerable to climate change, also tend to
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have the least data on their populations, climates, and infectious diseases. This means that
models of the nations that need the most help are likely to be the least accurate.
Identifying high risk populations for interventions is widely seen as an efficient use of
resources. However, whether or not a population is designated “high risk” in the models is a
function of available data and a statistical threshold. A probability of 0.5 or greater is commonly
used to create a binary threshold of “at risk” or “not at risk” but, in these models, a 0.3 or 0.4
probability creates a much better picture of where the species is known to currently inhabit and
where it is likely to inhabit in the future. It is easy to look at lower thresholds and dismiss them
as poor modeling but that misses the likelihood that human population risk, as modelled here, is
not uniform throughout the species’ geographic range and, therefore, setting this threshold too
high misses many populations that may benefit from intervention efforts. There is no easy
answer to determine at what cut off a community is not at risk, and efforts to model future risk
through an understanding of human-species interaction on a macro-scale is a fairly nascent
research field.
The high omission errors also allude to the problem of identifying and projecting risk
globally. It is troubling that more than 40% of points were omitted in the population density
models, but the variability in climate scenarios included in global models, especially at such a
high resolution, creates a tradeoff between the generalizability of the model and the accuracy for
any one location. Points that are omitted during model building may be those that are in areas
with the lowest population density and, therefore, reflect the lowest risk. Additionally, while the
occurrence data are the most exhaustive possible, they are not based on a comprehensive survey
that ensures equal sampling for all geographic areas included and the absence data are still
lacking.
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Despite the limitations, the amount of information the population density variable
contributes and the encouraging model fit indices within this research indicate that human
population density should be considered when looking at potential niches for anthropophilic
vectors and that, potentially, other human population characteristics should be examined as well.
This work also highlights the need to further explore the methods used to map risk of VBDs and
highlights the need for a nuanced understanding of risk, beyond a heuristic statistical threshold,
before designating a community at risk. Forecasting risk due to climate change is becoming
crucial as its effects start to manifest and it is clear that modeling the effected human-vector
interrelationships is complicated but important for intervention.
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Abstract
The Aedes aegypti mosquito has inhabited the Western Hemisphere since its appearance
in the 1700s as a result of the slave trade. Historically responsible for Yellow Fever outbreaks,
the vector is also the main transmission route for Dengue and the more recent arrivals
Chikungunya and Zikavirus. This mosquito is highly anthropophilic and requires specific
ecological conditions and access to human populations to thrive. As global climate change alters
environmental conditions, it is likely to alter the regions that are suitable for this vector. Mapping
the risk of exposure to this mosquito in the future should therefore consider both global climate
change and human population density change when creating models. This research used the
ecological niche model MaxEnt combined with projected changes in human population density
and the four representative concentration pathways for climate change modeling to identify
geographic regions in which risk of A. aegypti expansion was high. Accuracy statistics indicated
that the models had high predictive power and were likely to identify high risk areas. Expansion
of exposure risk was most likely in areas surrounding population centers in areas with existing
endemicity. Since much of the future global population growth is expected to occur around urban
areas, this is not surprising and should be helpful in targeting interventions to high-risk areas. By
examining risk as a function of environmental and human population changes, researchers can
create maps for use in determining where interventions would likely be the most cost effective.
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Introduction
Global climate change (GCC) is the product of greenhouse gases (GHGs) trapping the
sun’s heat within the Earth’s atmosphere (McNall, 2011). Human activity has increased GHGs
by 33% since the Industrial Revolution (IPCC, 2014), and recent international discussions on
GCC have sought to restrict the effects of this warming to an average increase of no more than
2°C globally (Hawkes, 2015). However, GCC is still expected to have serious consequences for
life on Earth, including interrupting global food supply chains through drought and natural
disasters, and increasing the frequency and extent of infectious disease outbreaks (Barrett,
Charles, & Temte, 2015). One way this increase in infectious diseases will manifest is through
changes in environmental conditions that alter the ecological niches that vector species occupy
(McMichael et al., 2003; Savic et al., 2014). Emerging and expanding vector-borne diseases have
received considerable attention due to the recent Zikavirus outbreak (Grubaugh & Andersen,
2016) and can be expected to receive more attention as habitats are further altered (Heffernan,
2015).
While the Zikavirus outbreak is concerning, it is the mildest of the four major infectious
diseases spread by the vector Aedes aegypti. This vector is also responsible for the transmission
of Dengue, Chikungunya, and Yellow Fever (Eisen & Moore, 2013; Fernandez-Salas et al.,
2015; Hopp & Foley, 2001). There are approximately 390 million cases of Dengue each year and
infection can lead to death through hemorrhagia and shock (Bhatt et al., 2013; Hopp & Foley,
2001). Chikungunya disappeared from many places throughout the world but has been reemerging in countries like India, where a 2005 outbreak caused 1,300,000 cases after a 32-year
absence (Burt et al., 2012), Even more concerning, the virus made its first appearance in the
Western Hemisphere in 2014 and has since expanded throughout much of the Americas (Nasci,
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2014). Historically, Yellow Fever caused devastating epidemics in endemic regions and it still
causes approximately 60,000 deaths per year, primarily in sub-Saharan Africa (Chan, 2016).
Expansion of the A. aegypti mosquito to new regions would potentially introduce or re-introduce
these diseases to entirely susceptible populations and results in Zika-like outbreaks (Porretta et
al., 2013).
Previous efforts to model the expansion of A. aegypti identified areas of concern but now
reflect outdated climate models and incomplete datasets (Campbell et al., 2015; Kraemer, Sinka,
Duda, Mylne, Shearer, Barker, et al., 2015). In 2014, the Intergovernmental Panel on Climate
Change (IPCC) released its 5th Assessment Report (AR5), which contained the Representative
Concentration Pathway (RCP) models for climate change (Pachauri et al., 2014). These climate
models are designed to reflect projected changes in climate for different levels of radiative
forcing (a measure of the amount of heat trapped within the Earth’s atmosphere by GHGs) and
reflect four possible scenarios, ranging from the best-case scenario of 2.6 Watts/m2 to the worstcase of 8.5 W/m2. The two intermediate RCPs are 4.5 and 6.0. These represent varying degrees
of emissions control scenarios between the full global participation needed for 2.6 and the
unrestricted emissions that would lead to 8.5 (Moss, 2008; van Vuuren et al., 2011).
Additionally, in 2015 Kraemer, et al., released a dataset containing the most comprehensive
record of A. aegypti occurrences to date. This dataset increased the number of occurrences from
2,108 in previous research to 19,930 globally, meaning that previous efforts were likely to
drastically underrepresent occurrences and potential distribution (Campbell et al., 2015;
Kraemer, Sinka, Duda, Mylne, Shearer, Brady, et al., 2015).
Campbell, et al., in their paper projecting niche expansion for A. aegypti, were able to
identify areas that were likely sites of future niche expansion for the mosquito, but many of these
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locations were later identified as sites of current inhabitance by studies using the Kraemer
dataset. Furthermore, Campbell, et al., projected their potential distributions forward in time
using the set of IPCC models (AR3) that pre-dated the RCPs (Campbell et al., 2015; Kraemer,
Sinka, Duda, Mylne, Shearer, Barker, et al., 2015). To date, there has not been a model that uses
both the more complete dataset of occurrences and the new RCPs to predict possible niche
expansion for A. aegypti.
Additionally, there has been little effort to include human population characteristics in
niche models for this mosquito species. A. aegypti is a highly anthropophilic biter that also
prefers to rest indoors and lay its eggs in uncovered containers of water (Christophers, 1960;
Garcia-Rejon et al., 2011). This makes its ability to thrive highly related to the human
populations around it and, coincidentally, models which omit human dynamics may not
accurately predict niche expansion (Eisen & Moore, 2013). There has been some evidence that
population density may be an important factor in niche suitability and should, therefore, be
included in models (Rodrigues et al., 2015)
The purpose of this paper was to model the current distribution of A. aegypti and identify
niche suitability factors, including human population characteristics, then project those factors
forward to the year 2050 under the four RCPs to create maps of where human populations will
be most at risk. A comparison of the resulting models to current distributions will identify
regions that are at high risk for the potential appearance of the A. aegypti vector and its
associated infectious diseases.
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Materials and Methods
The MaxEnt model was selected for this analysis since it has been shown to perform well
under similar modeling conditions. For presence-only data, like that available through the
Kraemer occurrence dataset, MaxEnt outperforms other models at interpolation and niche
prediction, making it highly suitable for this work (Peterson, Papeş, & Eaton, 2007).
Additionally, using MaxEnt complements and extends previous predictive modeling efforts this
paper seeks to update (Campbell et al., 2015). MaxEnt models require georeferenced species
occurrences, (rarified to 1 km2) to eliminate autocorrelation, current and future climate data, and
human population data, in addition to model selection thresholds. MaxEnt uses cells lacking
occurrence data as a background for the occurrences and identifies common factors between
presence and pseudo-absence locales. The model then samples background cells to identify those
that match the niche requirements from occurrence cells and creates a probability distribution of
the likelihood that each cell contains a suitable niche (Merow, Smith, & Silander, 2013).

Aedes aegypti Occurrence Data
Occurrence data for the A. aegypti mosquito were extracted from the data made publicly
available by Kraemer, et al, in their global compendium. Their work identified occurrence
records with information on longitude and latitude from 1960 to 2014. To identify data, they
used a systematic review of Pubmed articles as well as unpublished data from mosquito
surveillance programs, other research, and the work of national ministries of health. Their efforts
resulted in the compilation of 19,930 records of species occurrence around the world (Kraemer,
Sinka, Duda, Mylne, Shearer, Brady, et al., 2015).
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Climate Data
Altitude and current and future climate data were publicly available through the
WorldClim website (worldclim.org). The climate data consists of 19 “Bioclim” variables
designed to capture climatological factors such as mean annual temperature and isothermality, as
well as seasonal trends like precipitation in the warmest quarter and temperature in the driest
quarter. The data were collected from climate stations worldwide and the variables were
calculated from observations occurring between 1960 and 1990. For sites where data are less
complete or monitoring was not as reliable, these time boundaries were extended from 1950 to
2000. This increased reliability at some sites while keeping the data centered around 1975 for all
locations. Where there was not sufficient data for calculating bioclimatic variables, the data were
interpolated. Regions, such as sub-Saharan Africa, were subject to less refined interpolations
than regions like North America, which had the most complete weather station data collection.
The climatic variables are very high resolution at 1 km2 and this resolution was maintained
throughout the analysis. The projected Bioclim data for all four RCPs for 2050 was also at the 1
km2 resolution and was taken from the output for the CCSM4 model (Hijmans, 2005).

Human Population Density
Since a projected human population dataset for 2050 is not available at the resolutions
needed for niche modeling, one was created from existing data sources. The methods and
performance of this variable are described elsewhere (Obenauer, 2017a) In brief, the dataset was
created by applying population growth trajectories from 2015 to 2050 from the United Nations
Department of Economic and Social Affairs Division (United Nations Department of Economic
and Social Affairs Population Division, 2015) to an existing population density dataset at 1 km2
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resolution (CIESN, 2016). Population growth was calculated for each cell in five year increments
then used to model niche suitability.

Model and Fit Indices
Data processing prior to modelling and developing the maps for display was done using
ArcMap 10.3 and the Species Distribution Modeling Toolbox (Brown, 2014; Phillips, 2011). The
model was run in the openModeller console (de Souza Muñoz et al., 2011). All files were
cropped to contain only data for inhabited landmasses to prevent modelling over uninhabitable
oceans. The occurrence data were then rarefied to one occurrence per cell and split into a training
set and a testing set. The training set contained 80% of the observations and was used to develop
the models. The testing contained the remaining 20% and was used after model development to
test the model performance. This 80/20 split is based on a rule-of-thumb established for ENM
(Franklin, 2010). After the models were run, they were re-classified as binary for likely or
unlikely suitability based on a 50% probability of a cell containing a suitable niche. The output
map from the current model was then subtracted from the projected models for each of the RCPs
to determine what niche changes were likely to occur under each scenario.
The final model was evaluated based on the area under the curve (AUC) for the receiver
operating characteristic (ROC). This fit measure indicates whether a model performs better than
one randomly classifying cells (an AUC of 0.5) and should be upwards of 0.6 for the model to be
‘high performing.’ Additionally, omission and commission errors were examined to evaluate
how much of the Earth’s surface was predicted as suitable and how many points were excluded
from areas of suitability.
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Results
The AUC for the model including population density was 0.91, which indicates that the
model has high predictive power. Omissions rates were between 39.98% and 41.25% for all four
models and the commission rates ranged from 4.8% to 5.4%.
The primary locations for risk expansion under all four RCPs were central South America
and Central Africa, with some expansion in Central America and southern Asia (figure 1). The
major differences between RCPs were the number of cells predicted for expansion. The 8.5 RCP
projected expansion in 3.16% of modeled study area, as compared to the 2.53% predicted under
the 2.6 RCP (table 1). However, the 8.5 RCP also projected the most contraction, in which
mosquitoes lose suitable habitat, and the 2.6 RCP the least. Areas of risk expansion occurred
mostly within the interior of the current geographic range of A. aegypti, possibly based on
altitudinal shifts. But there was expansion at the existing geographic margins of the species,
meaning that incursion to the north and south of existing habitats is a concern.
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Figure 4.1: Projected changes in A. aegypti distribution under four RCPs. a) Projected changes
under the RCP 2.6 scenario. b) Projected changes under the RCP 4.5 scenario. c) Projected
changes under the RCP 6.0 scenario. d) Projected changes under the RCP 8.5 scenario.
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Table 4.1. Change in projected habitat for the four RCPs

Contraction
No Change
Expansion

RCP 2.6
1.29%
96.18%
2.53%

RCP 4.0
1.87%
95.25%
2.88%

RCP 6.0
1.63%
94.66%
3.70%

RCP 8.5
2.43%
94.41%
3.16%

The population density models predicted increasing areas of risk across many parts of
Africa in a wide arc around the equatorial and tropical regions of the Democratic Republic of the
Congo, including countries to the south, such as Angola and Zambia, and Sudan and Chad to the
North. South American expansion was projected in the eastern portions of Brazil, the coastal
areas of Peru and along the shared border of Bolivia and Brazil. In Central America, expansion
was predicted in southern Mexico, Honduras, Nicaragua, and Panama. Coastal regions of India,
Myanmar, and Malaysia were also projected to experience expansion.
In the higher-RCP models, the regions of expansion were the same but the area projected
within those regions increased. For example, under the 2.6 RCP, there is a sparse prediction of
risk expansion into southern India, which becomes most of the coastal area of western India
under the 8.5 RCP. However, the areas of Papua New Guinea and Indonesia that are likely to see
expansion under the 2.6 RCP are predicted as unsuitable at 8.5.
The areas that predict the highest risk to human populations agree with the models by
Kraemer et al (2015) and Campbell et al (2014) on the margins of the geographic area and the
areas with the highest likelihood of expansion in Africa. In South America, the expansion areas
for this research are primarily in Brazil and Bolivia. However, in Central America, the areas with
the highest probability of expansion are roughly the same in this and the two published modeling
efforts. The population density models projected areas of expansion in India that were within
some of the highest probability areas in Kraemer, et al., (2015) and also had high population.
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Finally, both Kraemer and Campbell predicted expansion in Australia and throughout Oceania
but this expansion was not present in the population density models.

Conclusion
The risk of human exposure to A. aegypti is not uniform throughout areas that are likely
to see species expansions, and including human populations in niche models can help visualize
where the risk might be highest. However, models that include human population density may be
more likely to omit points during model training and testing. In this case, the omission rates may
be due to using high resolution data across a large geographic area. While global models are
useful for highlighting areas at risk, identifying the components that make niches suitable across
such a wide range of climatological conditions means that attempts to predict any one point may
fail. The value in using very high resolution data to examine global risk is that it allows for the
visualization and comparison of risk across these disparate climates. In setting mitigation and
intervention policies, identifying the highest risk areas is crucial.
Additionally, it is important to model across climate change scenarios. The results of
these models revealed that risk actually decreases between RCP 6.0 and RCP 8.5. While there is
a dearth of research into geographic regions becoming too hot for A. aegypti, an understanding of
the mosquito’s biology makes it clear this is possible. The mosquito cannot survive in areas
where the temperature is higher than 40ºC (Christophers, 1960), an extreme which could occur
in regions with high temperatures prior to GCC.
When examining the models using lower probability thresholds of suitability and the full
occurrence dataset (19,930 observations), instead of the rarefied dataset (9,614 observations), the
omission rates decrease markedly. Since these models are intended to map risk, it is worth
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considering whether or not a 50% probability threshold for determining an area “high risk”
misses populations that would benefit from interventions. The omission rate from the full
occurrence dataset is 22% at the 50% threshold and drops down to approximately 3% at a 40%
probability threshold. The 22% error rate when all occurrences are considered indicates that the
model is accurately identifying the geographical locations of more than three quarters of the
observations and, therefore, the model is likely to be projecting the highest risk areas.
Additionally, looking at a probability threshold of 40% correctly identifies almost 97% of
locations. The use of these models as risk maps means that setting the probability threshold too
high may miss areas that have lower probability but would likely benefit from early intervention.
More research is needed to better understand how to most appropriately model human
population characteristics and project likely changes into the future. Data and measures on
poverty, infrastructure, and intervention policy at the local level are likely to be more useful for
identifying potential niches but is not available for most of the world. While some data are
available at the country-level, it is less informative when modeling countries that cover large
geographic or highly variable regions. For example, the United States is a single country with
climates that range from tropical to sub-arctic and human population densities and living
conditions that vary widely (Shen & Lior, 2016). Further work is also needed for in-depth
examination of the regions that are identified as high risk in order to examine what their risk
factors are and which areas locally would be the best targets for intervention.
Expansion was predicted under all four RCPs, meaning that even the stringent emissions
reduction policies required to achieve the 2.6 RCP will not prevent all A. aegypti expansion. The
projected 2.53% expansion means that the human population of 4.4 million km2 of land is
potentially at high risk for exposure to this vector and its myriad diseases under the best case
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scenario. When put in these terms, it becomes clear that mitigation strategies need to be created
and targeted to assist in these high risk populations.
The areas that are projected to have higher probabilities of risk are also the lowest
resource settings and may already have poor health infrastructure. For example, Liberia is
projected to see an increase in risk under all but the most extreme climate scenario, but this
region, which was recently decimated by the Ebola crisis (CDC, 2016c), is likely to have
difficulties adapting to the increased health threat that diseases carried by A. aegypti represent.
Since vector expansion will not be the only consequence of climate change, Liberia will also face
other climate change mitigation challenges, and intervention programs for mosquitoes may be
difficult to prioritize in the face of competing interests. Therefore, it is crucial to refine risks
models by including human populations so that they can be used to create efficient and effective
intervention programs for high risk and low resource settings.
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ABSTRACT
Ecological geospatial models and maps are frequently used to predict areas of infectious
disease vector expansion due to global climate change but, if those maps are not used to target
interventions in high risk areas, they have little real-world impact. This research combines
models created to identify areas where humans are at high risk of exposure to the Aedes aegypti
mosquito and interventions that have been found to be effective for vector control to demonstrate
the use of vector risk mapping to inform intervention planning. Two regions, Minas Gerais,
Brazil and Northwestern Province, Zambia, were selected since they are likely to experience
vector risk expansion under the best and worst climate change scenarios. After identifying the
factors that makes these areas suitable for A. aegypti inhabitance, such as the availability of
standing water, evidence-based interventions that would impact those predictors, including
insecticide-treated covers for water storage containers, were proposed. This work shows that it is
both possible and important to partner current mapping efforts with intervention planning to
ensure that research regarding disease distribution and prevention is actionable. It also
demonstrates that risk maps produced can be used to help ensure that interventions are
appropriate for the areas in which they are needed.
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Background
There is a growing recognition of the very real effects global climate change (GCC) will
have on infectious disease outbreaks (Heffernan, 2015). For vector-borne diseases (VBDs) there
also exists a long history of attempts at control and eradication that gave way to resurgence and
reemergence. For examples of this, one needs only look at the Global Malaria Eradication Plan
of the 1950s (Najera, Gonzalez-Silva, & Alonso, 2011) or the since-abandoned mosquito control
efforts that curbed Dengue and Yellow Fever outbreaks from the 1940s to the 1970s (Webb,
2016). The effects of GCC are going to affect current disease control initiatives on an
unprecedented scale as infectious diseases emerge in previously non-endemic regions (Gage et
al., 2008) and resources are shifted into climate change mitigation. Prevention and mitigation
strategies for VBDs will need to target those areas that are most likely to experience an influx of
infectious disease vectors due to GCC.
Efforts to create global and regional ecological niche models (ENM) can be used to
develop maps of areas that are likely to be susceptible to VBDs by identifying the ecological
conditions that make a habitat suitable for the vector (Franklin, 2010). While the idea has
received little attention in the literature, the addition of variables that model the importance of
human population characteristics can turn the ENMs into risk models that show where human
population susceptibility may be increasing. However, without translation into interventions and
policy, these maps and models do nothing to mitigate the risk they predict.
A recently published dataset of global occurrences of the mosquito Aedes aegypti has
made ENM for this species increasingly reliable (Kraemer, Sinka, Duda, Mylne, Shearer, Brady,
et al., 2015). When paired with the Intergovernmental Panel on Climate Changes (IPCC)
Representative Concentration Pathway (RCP) projections, it becomes possible to predict areas
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that are likely to be suitable under the four GCC scenarios (IPCC, 2014). Since the A. aegypti
mosquito species is responsible for the transmission of Zikavirus, Chikungunya, Yellow Fever,
and Dengue, increases in the number of people at risk for exposure can have deadly
consequences (Eisen & Moore, 2013; Fernandez-Salas et al., 2015; Hopp & Foley, 2001).
The goal of this paper was to use existing risk maps, created from ENMs for A. aegypti
expansion in 2050 due to GCC and projections for human population density, in order to identify
high-risk areas for related VBDs. This paper conducted a case study on effective vector control
measures that can be implemented in two geographically diverse areas expected to experience A.
aegypti expansion with the aim of demonstrating how this model can be used to identify highrisk regions and inform targeted interventions.

The Vector
The A. aegypti mosquito thrives at specific temperatures, humidity levels, and altitudes.
Its lifespan and reproductive capabilities are highest at temperatures between 22ºC and 32ºC,
though its optimal temperature is 28ºC (Christophers, 1960). At 15ºC, A. aegypti will start
entering torpor (Marinho et al., 2016) and temperatures higher than 35ºC decrease lifespan
(Christophers, 1960). The mosquito also seems to have better survival and reproductive rates
when the relative humidity exceeds 90% (Christophers, 1960), but available sources for feeding
may mitigate the challenges of low humidity (Canyon, Muller, & Hii, 2013). As for altitude,
there have been reports of A. aegypti at elevations higher than 2200m (Lozano-Fuentes et al.,
2012) but it is primarily located below 2000m (Cetron, 2016). Precipitation is also important to
the vector. The female A. aegypti lays her eggs on the inside of containers just above the water
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level and the eggs remain there until hatching is triggered by the water level increasing enough to
submerge them (Nagao et al., 2003).
In understanding the A. aegypti mosquito as a risk to human health, it is important to
remember that the containers in which it lays its eggs can be anything from tires to household
water storage containers to trash that has not been disposed of properly (Barrera, Amador, &
MacKay, 2011; Eisen & Moore, 2013). Additionally, it is an effective vector because it almost
exclusively takes human blood meals (Christophers, 1960; Jansen & Beebe, 2010) and, instead
of taking a complete blood meal from any one source, it will take small quantities from multiple
human hosts to get the required volume of blood (Hopp & Foley, 2001). It also prefers to feed
during the day, when humans are unlikely to be using the insecticide-treated bed nets that are
recommended interventions for other species of mosquito (Paz-Soldan et al., 2015)

Selection of Geographic Regions
As part of a previous research effort, global ENMs with human population density were
created to identify areas at high risk for A. aegypti expansion under the four GCC scenarios
(Obenauer, 2017b). The resulting maps were then compared to current habitats to find the areas
in which the combination of changing population density and increasing temperatures will
potentially expose increasing numbers of people to the vector (figure 1).
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Figure 5.1: Areas expected to experience risk expansion under both best case (RCP2.6) and
worst case (RCP8.5) climate change scenarios (calculated as the areas in which expansion occurs
for both scenarios).

Figure 5.2. Zambia’s expected risk expansion under both best case (RCP2.6) and worst case
(RCP8.5) climate change scenarios (calculated as the areas in which expansion occurs for both
scenarios).
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Figure 5.3. Brazil’s expected risk expansion under both best case (RCP2.6) and worst case
(RCP8.5) climate change scenarios (calculated as the areas in which expansion occurs for both
scenarios).

The two locations selected for case studies on interventions were the Northwestern
Province of Zambia (figure 2) and Minas Gerais State in Southeastern Brazil (figure 3). These
areas were selected because they already have some A. aegypti activity but are likely to see an
increase under both the best and worst case climate change scenarios, and are expected to be
otherwise vulnerable to climate change (NDGAIN, 2015b).

Zambia
The Northwestern Province of Zambia had a population of 681,698 as of the 2010
Zambian National Census. Approximately 77% of this population lives in areas considered urban
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(Zambia 2010 Census of Population and Housing, 2012). The province shares a border with
Angola to the west and the Democratic Republic of the Congo to the north. The climate is
tropical and during the rainy season, which begins in October and ends in April (CIA, 2017b),
the temperature averages 20.6°C but the extremes are between 15.3°C and 27.4°C. Temperatures
during the dry season average 17.9°C with a minimum of 8ºC and a maximum of 26.9ºC
("Weather statistics for Solwezi, North-Western (Zambia)," 2017). This region also sees high
levels of rainfall during the rainy season and has higher humidity than the surrounding regions
(Aregheore, 2009). The province is at approximately 1300m above sea level (Masaninga et al.,
2014).
A. aegypti is already present in small quantities in some peri-urban parts of the
Northwestern Province but, overall, the risk of outbreaks from the vector has been low
(Masaninga et al., 2014). A recent study did find evidence of previous infection with Dengue in a
small percentage of the population and concluded that travel to nearby Angola, which has
experienced outbreaks, may have contributed significantly (Mazaba-Liwewe et al., 2014).

Brazil
Minas Gerais is one of the largest states in Brazil with a reported population of
19,597,330 in 2010 (Britannica, 2012). Approximately 86% of Brazil’s population lives in urban
areas (CIA, 2017a) but this region also contains densely populated rural areas in the south and
the east (Britannica, 2012). The state is located in southeastern Brazil but the state of Rio de
Janeiro sits between it and the Atlantic Ocean. The majority of the state is on an upland
approximately 800m above sea level but some locations along the two mountain ranges in the
region reach more than 2700m (Britannica, 2012). There are three climatological regions in the

85

area, all of which feature drier winters and a summer rainy season (Carvalho, 2002). The area
south of the main city of Belo Horizonte is designated as a subtropical highland (Carvalho, 2002)
and is expected to see the biggest increase in mosquito risk (Obenauer, 2017b). During the
warmest month of the year, February, the average temperature in the city is 23ºC and in July, the
coolest month, the temperature averages 18ºC (Weatherbase, 2017). This area receives the
majority of its rainfall during the warmer months (Weatherbase, 2017).
Studies on A. aegypti in Brazil have found the mosquito in all states and an increasing
number of cities (Coelho, 2012), and those specific to Minas Gerais have found that the number
of eggs collected peaks in the warmer months. Additionally, cases of Dengue increase as
temperatures rise with the majority of cases occurring when the weather is warm and wet
(Cecilio et al., 2015).

Vulnerabilities
While Northwestern Province, Zambia has not been reported to have high levels of A.
aegypti or outbreaks of its associated VBDs, there are risk factors here that make it susceptible in
the future. Areas that have been found to contain A. aegypti also have indoor water storage
containers, tires, and trash, which serve as breeding sites for the mosquito (de Brito Arduino,
Mucci, Serpa, & Rodrigues Mde, 2015; Masaninga et al., 2014). Additionally, the current and
historical average temperatures have made the region inhabitable for the A. aegypti mosquito for
some parts of the year but generally cooler than the species requires to thrive overall. According
to climate change vulnerability indices, Zambia will see a 42% increase in periods of high
temperatures, referred to as “warm spells” (NDGAIN, 2015c) and, under all but the most austere
of emission restrictions scenarios, the country will see a mean temperature increase in excess of
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2ºC (Colin Gannon, 2016). An increase of 2ºC would move the mean temperature into the
preferred range for A. aegypti and likely increase reproductive success and lifespans for the
mosquito. Related to this and other climate change factors, Zambia is projected to experience a
34.7% increase in VBD under the 4.5 RCP (NDGAIN, 2015c).
In this region of Brazil, some of the risk factors for increasing A. aegypti presence
include the availability and proximity of trash and water. Cities in Brazil suffer from poor and
unstable infrastructure, which results in unreliable waste disposal and water access. The buildup
of waste and the containers residents use to store water ensure the availability of breeding sites
for mosquitoes (Coelho, 2012). Like Northwestern Zambia, Minas Gerais’ average temperatures
tend to be cooler than those A. aegypti needs to thrive, but this area will see a 67% increase in
warm spells (NDGAIN, 2015a). The temperature increases are likely to exceed 2ºC, even under
severely restricted emissions scenarios (WHO, 2015). Brazil is also expected to see an 11.1 %
increase in VBD transmission under the 4.5 RCP (NDGAIN, 2015a).
Urbanization and increasing population density, which are likely to affect both countries
(NDGAIN, 2015a, 2015c), are also expected to play a significant role in infectious disease
vulnerability by working synergistically with climate change to tax infrastructure and increase
the burden of disease in cities (Reiner, Smith, & Gething, 2015). Brazil’s population is already
highly clustered in and around urban areas, meaning that the effects of urbanization on
unreliable infrastructure are already being seen (Coelho, 2012; NDGAIN, 2015a). However,
African countries, which are expected to see some of the highest rates of urbanization, are likely
to be equally affected in the future (Neiderud, 2015).
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Effective Interventions
So far, effective climate change mitigation strategies focused on curbing emissions
worldwide have been a contentious issue since they require global participation (Pacheco,
Vasconcelos, & Santos, 2014). GCC is expected to have the largest financial impact, through
loss of natural resources, increasing natural disasters, and mitigation and response expenditures,
on low-income and developing nations (Levy & Patz, 2015). Therefore, it is important to focus
on local interventions that can be effectively implemented, preferably at low costs.
Spraying indoor and outdoor insecticides is a common response to infectious disease
outbreaks and mosquito control programs. However, in recent years, international bodies have
banned a number of insecticides, which has severely limited those available for application in
control programs (Benelli & Mehlhorn, 2016). While banning insecticides is appropriate when a
chemical is found to be toxic to humans and/or the environment, A. aegypti has exhibited
resistance mutations to most currently available insecticides (Faucon et al., 2015). Therefore,
programs which rely entirely on the application of pesticides must be prepared for the emergence
of resistance mutations and must recognize that continuing to use that insecticide will further
select for that resistance mutation (Indoor Residual Spraying: An Operational Manual for Indoor
Residual Spraying (IRS) for Malaria Transmission Control and Elimination, 2015). Routine
spraying programs are also expensive and often labor intensive, meaning they are less than ideal
as long-term solutions (Baly et al., 2011; Baly et al., 2016)
In both areas highlighted here, and in many other areas where A. aegypti is found, water
storage containers serve as a breeding ground. Innovative and low-cost programs to cover water
storage containers with insecticide-treated covers have reduced the number of A. aegypti in
affected areas of Colombia, Mexico, and Venezuela (Kroeger et al., 2006; Quintero et al., 2015).
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These programs provided participants with a net treated with a long-lasting insecticide net either
on a frame or with elastic to cover open water storage containers. Additionally, since insecticidetreated bed nets are ineffective against this species, the studies hung insecticide-treated curtains
over windows and doors in homes (Kroeger et al., 2006; Quintero et al., 2015). The use of covers
and curtains in Colombia reduced the pupae per person index by 71%, while the control group
only saw a reduction of 25% (p=0.01) (Quintero et al., 2015) A study on using insecticide-treated
curtains in Thailand found that curtains could be distributed at a cost around $2.00US per curtain
and provide approximately three years of coverage (Baly et al., 2011).
In researching compliance with curtain and cover use long term, Paz-Soldan, et al., found
that knowledge about Dengue transmission and effective mosquito control measures increased
the likelihood that participants would still be using the curtains and covers at 18 months (PazSoldan et al., 2016). Another related study found that participants with more Dengue and A.
aegypti knowledge had lower rates of infestation and were more likely to engage in control
measures (Paz-Soldan et al., 2015). Ocampo et al.’s work in Brazil, also aimed at reducing
mosquito populations to reduce Dengue, compared installing ovitraps (traps designed to be lethal
to eggs) and larvicidal briquettes in water tanks to an educational program on Dengue and its
vector. They found that educating residents was just as effective at decreasing mosquito
populations as the traps and briquettes (Ocampo et al., 2009). Interventions aimed at decreasing
breeding sites through reducing trash and standing water require ongoing and sometimes intense
participation by communities and individuals and, therefore, may be less than ideal (Kroeger et
al., 2006). However, the results of these studies on education and knowledge, attitudes, and
beliefs show that education may be a less-resource intense way to motivate communities to take
such action.
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In addressing insecticide resistance as it may relate to insecticide-treated covers, a study
in Uruguay found that providing households with water container covers that were not
impregnated with insecticides was also effective at reducing mosquito density (Basso et al.,
2015). While this area did not rely on the water containers for drinking water, it is still possible
that this could be applied in regions where covering water containers may curb mosquito
populations. The intervention also provided households with bags for disposing of water
containers, such as empty bottles, around the home and then collected those bags the next day for
disposal and educated household members on why water containers should be disposed of or
covered. The participatory approach of the study was also able to secure high levels of
community buy-in such that some participants even covered containers with their out
mechanisms before the study covers were provided (Basso et al., 2015).
Based on the results of these studies and the current challenges in insecticide use, a
program employing curtains and water container covers for households in high-risk areas,
combined with education on the importance of reducing and eliminating vector breeding sites,
should be considered. The decision whether or not to use insecticides or include a trash
collection component can be made in cooperation with community partners to help tailor these
interventions to local mosquito conditions and human population needs. The low-cost nature of
the covers and curtains, combined with requiring minimal upkeep by the participants, makes it an
attractive possibility for deployment in these areas. In areas where community participation is
higher, the more involved trash collection may also be an attractive option and will hopefully
reinforce community buy-in.
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Conclusions
Areas identified as high risk by vector mapping procedures may have many factors in
common that make them suitable for similar interventions despite being in disparate locations.
Risk maps and models should be paired with evidence-based interventions as they are produced,
with the input of experts and community members in the areas at risk to ensure that the findings
are actionable. Furthermore, as GCC drives species expansions, it will be important to identify
the characteristics that make a location suitable in order to apply lessons learned in areas with
established endemicity to new territory.
The interventions mentioned here are most commonly studied and used in South and
Central America, while a PubMed search of interventions tested in Africa reveals extensive
surveys on the emergence of resistance to insecticides among A. aegypti in Africa (Ayorinde,
Oboh, Oduola, & Otubanjo, 2015; Kamgang et al., 2011), but few effectiveness studies on novel
interventions. Historically, the Anopheles mosquito has been the major disease vector in Africa,
since its species are responsible for the transmission of malaria. However, there is growing
recognition of the need to target Aedes in regions at risk for increasing cases of its VBDs
(Benelli & Mehlhorn, 2016). The work here not only highlights how risk mapping can identify
those areas but also how interventions may be applicable in different sites.
Limitations in this kind of intervention mapping include any of the limitations the risk
maps and models themselves may have as well as limitations related to information on the target
areas. Many regions of the world that are likely to suffer from GCC-related events are resourcepoor and lack data on human populations. This means that identifying the characteristics that
make an area suitable, or even determining something as simple as water storage practices, may
be difficult and require extensive research within the target area. However, it is important to
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recognize that the effort of identifying suitable interventions, whether by researchers themselves
or through dissemination to partner organizations, should be the logical next stop in modelbuilding exercises.
Mitigating the effects of GCC is the coming challenge for public health and will require
innovative interdisciplinary approaches that make use of a variety of tools. As this work shows,
it is entirely possible to unite the fields of modeling and intervention to identify best practices in
mitigation, then advocate for their use.
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CHAPTER 6
DISCUSSION AND CONCLUSIONS
Including human population characteristics in ENMs should be considered for highly
anthropophilic vectors. While this transforms the results from a map of habitats that are likely to
be suitable to a risk map, the predictive power of models for A. aegypti is improved by the
addition of the human population density variable and the maps can be used to identify areas at
high risk of exposure. When modeling with a focus on risk mitigation through intervention, this
shift is important and it becomes crucial in regions where resources are limited.
Mapping risk does require a paradigm shift in ENMs, which have historically put little
emphasis on the importance of humans when determining habitat suitability. Using a 50%
probability threshold to determine whether or not an area is likely to experience increased risk
may miss areas which would benefit from interventions. The tradeoff of risk mapping seems to
be higher omission rates than would be seen in traditional ENMs, but lowering the threshold for
probability when categorizing an area as “at risk” or “not at risk” by even 10% may result in a
marked decrease in omission. Additionally, while the MaxEnt model used here requires the user
to provide a dataset with no more than one occurrence per cell, adding the full dataset back to the
final model reveals that the majority of occurrences were captured in the models. The take away
from this should be that, even without including a density function, the models accurately
identified the areas in which the highest density of occurrences were reported, which is also a
major factor in considering risk for humans. Since humans are crucial to this species’ survival, it
is worth considering whether mosquito population density is, in part, a function of human
population density. Denser mosquito populations are also a factor in quantifying risk since high
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density indicates that the habitat meets the conditions the species needs to thrive and increases
the likelihood of any given person coming into contact with a vector.
The biggest advantage of using ENMs to create risk maps is that the results are
invaluable in determining where to target interventions. Creating a map that identifies risk areas
and makes it easy for intervention planners and partner organizations to visualize risk and
enables them to prioritize locations that may benefit from interventions. This is particularly
important in interventions where climate change is a factor because the areas that are most likely
to need interventions are those with the fewest resources to apply to mitigation. The concept of
probability thresholds also reappears in this context, since staging interventions based on level of
risk or only targeting the highest risk areas due to constraints on resources may be necessary. By
changing the threshold for “high risk,” interventions may be able to scale their work to ensure
that the areas that will most benefit receive the most focus. As this research showed, there are
low-cost interventions that can be targeted to vulnerable populations and which will move these
risk maps from research into practice.
To expand the capabilities of risk mapping for targeting interventions, more research is
needed on the interactions between human populations and the vectors they encounter. Little is
known about which human population characteristics are the most important and which should
be included to model habitat suitability. For example, standing water may be a function of
urbanization taxing infrastructure but there is a dearth of research on which variable should be
included in an ENM to act as a surrogate for this process. Further complicating this is the
availability of relevant data. In many cases, human population characteristics are reported at the
country level but factors such as poverty rates and human population density are unlikely to be
uniform across a country. Even fewer data are available for future trends regarding human
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populations at finer resolutions. Since risk is likely to be highly localized, it is important to have
data that can be used to model relationships at a micro level, especially if the goal is a targeted
intervention.
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